Abstract: Autonomous vehicles have to be able to predict whether a human driver will wait at an unregulated inner city narrow passage or not to adapt its behaviour accordingly. To this end, a driving simulator study was conducted in which participiants were subjected to different cooperation behaviours during their approach to a narrow passage. They were asked to rate their intention afterwards. From the recorded trajectories, features which are specific to the scenario are derived. Therewith, Random Forest and Conditional Random Field classifiers for both intention and behaviour prediction are trained. The results show that robust prediction of driver intention and behaviour is possible.
Introduction
In order to safely integrate automated vehicles into traffic, several challenging tasks are yet to be resolved. One of these challenges is inner city traffic. In addition to the fact that there are often many traffic participants with conflicting interests, there are some situations that are not clearly regulated by law. These situations include symmetrical narrow passages (see Fig. 1 ) and unregulated junctions (right before left applies). In these situations, no one has the right of way and drivers therefore need to communicate with each other in order to resolve the situation. If a solution is found while the vehicles involved are still approaching the situation, it is possible to avoid a blockage and traffic can flow more efficiently. Situations like these are especially difficult for automated vehicles. They have to be able to interpret human communication signals, decide how to behave and communicate that decision in time to optimize the overall traffic flow. Phillips et al. [9] use a Long Short-Term Memory Network to predict whether a driver will turn right or left or go straight at an upcoming intersection. Koide and Miura [6] This work focuses on the intention prediction of human drivers at a narrow passage. Here intention is defined as the will to go first or to not go first. The classifiers are trained with a data set that was generated from a driving simulator study. This approach allows to generate a large data set in a controlled environment compared to observations of real traffic. All participants drove through the same scenarios, which featured different driving styles of the other vehicle. Two types of labels are used: The behaviour, e.g. which driver drove first, and the intention of the drivers, e.g. what did the participant want to do while approaching the narrow passage.
The paper is structured as follows: In Section 2 the data set that has been used for this work is introduced. In Section 3 the proposed intention prediction algorithm is described. In Section 4 the prediction performances of the classifiers when applied to the data set are presented. Section 5 concludes the paper and gives a summary and an outlook to future work.
Data set
The data set for this work originates from a driving simulator study. The simulator itself consists of the front half of a passenger vehicle that includes the driver's and passenger's seat. The projection screen is curved and extends to the side windows. It therefore covers the entire field of view of a person sitting in the driver's seat.
In the study participants drove through six narrow passage and five T-junction scenarios. The cooperation vehicles were set up to arrive at the scenario at the same time as the participant. These vehicles (one for the narrow passage and two in the case of the T-junction) were not present on the course at all times, instead they were set to appear and disappear out of sight of the participants. The vehicles appeared at a set distance, the appearance was triggered by the participant driving over a trigger point at the same distance from the scenario. After that their velocities were synchronised with the participant's velocity at regular intervals, thus ensuring a simultaneous approach.
After the last synchronisation the vehicle's behaviour depended on the current script and was either offensive or defensive. The cooperation vehicles followed their specified behaviour regardless of the participant's behaviour. Only if the participants entered the scenario at the same time as the cooperation vehicles, an emergency stop of these vehicles was triggered. The six narrow passage scripts are described in Table 1 . Similar scripts were used for the T-junction. Both the narrow passage and the T-junction scripts were adapted from an earlier study by Imbsweiler et al. [4] . Every participant drove through all of the eleven scripts once in a randomised order. Figure 2 shows a screen shot of the interaction at the narrow passage, created by the two stationary yellow vehicles, in the simulator.
After each scenario, they were asked to stop and answer a questionnaire about their intention during the approach to the scenario. In total 29 people successfully participated in the study. In this work only the narrow passage data is used. The trajectories were recorded with a frame rate of 60 Hz and serve as input data for training and validation of the classifiers for intention prediction.
Intention prediction
In this work the intention is predicted using the driven trajectories
T of the observed vehicle and the trajectories of the ego vehicle r e ( ) = [ e ( ), e ( )] T . In the context of this paper the observed trajectory always refers to the participant's trajectory since only the intention of the participant is of interest. From these trajectories a feature set is derived. The features were chosen to include both generic parameters of driving and features that are specific to a narrow passage scenario. The following features are used in this work:
The longitudinal acceleration lon,o is the acceleration of the observed vehicle along the current vehicle heading. The averaged feature is shown in Figure 3 . The features are plotted separately for the scripts with the vehicle showing offensive and defensive behaviour.
The distance to scenario s,o is the distance from the current position of the observed vehicle to the front of the narrow passage along the centre of the lane.
The weighted lateral deviation lat,o describes the distance from the lane centre to the current vehicle position. This distance is measured along the normal to the lane centre through the current position. This feature is normalized such that a vehicle whose centre is on edge of its lane has a lateral deviation of lat = ±1. Additionally, this feature is weighted with the normalised distance to the narrow passage s = 1 − s,m e and a scaled logistic function [5] :
lat,m is the measured lateral deviation, s,m is the measured distance to the narrow passage, l is the lane width, e is the evaluation length for this feature, 1 and 2 are the parameters to scale the logistic function. The lateral deviation is weighted to suppress effects from a curve that was placed just before one side of the narrow passage in our simulator set up. This curve was cut by many participants which led the classifiers to recognise the scripts rather than the behaviour or the intention. This effect is amplified by the fact that all offensive scripts were run such that the simulated car came from the same side. The weighting parameters were chosen such that the feature does not differ for offensive and defensive scripts until a distance of approximately 25 m. This is similar to features that do not show that phenomenon like the longitudinal acceleration lon (see Fig. 3 ). At this distance from the narrow passage the road is straight again.
The velocity quotient q is the absolute velocity of the observed vehicle abs,o relative to the absolute velocity of the ego vehicle abs,e :
The features are calculated for each time step, the feature set F therefore consists of a set of 4 individual feature vectors f of length :
These features serve as input to the classification algorithms. In this work, two types of algorithms are used: direct and sequential classifiers. Direct classifiers require vectors of scalar features as input. To convert the feature set F into scalar features, it is split into segments of 0.25 s length. To generate the vector of scalar features f s , the features of a segment are averaged over time:
With s being the arithmetic mean over a segment of the -th feature. The models are then trained and evaluated on the individual segments.
There are several classifiers that fall into that category; in this work Random Forests (RF) [1] are used. A RF utilizes several decision trees that are trained with a subset of the data set. Additionally, each branch in a tree only considers a subset of all available features [1] .
Sequential classifiers directly use the feature vectors f of the feature set F as input and output a prediction for every time step. Conditional Random Fields (CRF) [7] are an example of such a classifier and are used in this work.
Results
From the trajectories obtained by the study, the features are calculated and used to validate the proposed intention prediction system. To this end, separate classifiers were trained for both intention and behaviour.
During the study, participants were asked to rate their intention during the approach to the scenario on a sevenvalued scale from absolutely want to go first to absolutely do not want to go first. Due to the small size of the data set, the intention was sampled down to two answers, want to go first and do not want to go first. Runs with a neutral label were omitted from the data set, the remaining runs were assigned to the closer one of the two labels. In total, 172 runs remained with 71 runs labeled as want to go first.
The behaviour label was obtained from observation and all runs fell into one of the categories went first and did not go first. Here, a total of 188 runs could be used for classification of which 80 were labeled as went first.
Because any prediction has to be performed before the vehicle enters the narrow passage, the features have to be cut so that they only include data from the approach prior to entering. It is also reasonable to assume that a human driver only makes a decision when the vehicle is close enough to the scenario. For these reasons, the features are cut using different start distances s = {20 m, 25 m, 30 m} and end distances e = {5 m, 7.5 m, 9 m}.
Using three-fold cross validation, CRF and RF classifiers are trained for both intention and prediction. The classifiers were optimized for best performance at the last segment cut out of the feature sequence (for RF ) or at the last label (for CRF ).
The performance is evaluated with the -measure [5]:
With being the precision, the recall and the true positive, the false positive and the false negative values. The performance of the classifiers for all training intervals is shown in Table 2 . Additionally, the archived accuracy is also given for comparison. Both the intention and the behaviour can reliably be predicted using both algorithms. The results in general are better if the training interval ends close to the narrow passage. It is evident that the behaviour can be predicted more reliably than the intention for this data set. The results finally indicate that RF performs better than CRF, reaching a = 0.984 compared to = 0.973 for the best behaviour prediction.
To evaluate the performance of the classifiers over the distance, the best classifiers of each type were further analysed. The classifiers trained with the features from 30 m to 5 m were used in all cases but for the intention prediction with RF, in the latter case the classifier trained with features in the range of 20 m to 5 m was used. For the evaluation, the distance from 50 m to 5 m was split into bins with a length of 0.5 m.
Using the selected RF classifier, the predicted feature segments were then assigned to the bins to obtain the performance over the distance. The performance of the CRF was evaluated by applying the trained model to a feature interval starting at the current bin center. The interval has the same length as the best learning interval (in this case 25 m). As before, the last predicted label of the sequence determined the prediction. The results of that analysis are shown in Fig. 4 .
All classifiers show an improved performance while approaching the narrow passage. The RF classifiers show superior performance than the CRF classifiers, however, since the segments are evaluated individually, their performance does not increase steadily as do the CRF versions. At the smallest distance to the narrow passage, the per- Table 2 due to the binning.
Summary & outlook
In conclusion, it can be said that it is possible to reliably predict the behaviour and the intention of a human driver at a narrow passage. Both CRF and RF show similar results close to the narrow passage; at greater distances RF provide more reliable predictions. In all cases the behaviour is predicted more robustly than the intention. Several conclusions for including this approach in a decision making algorithm for an autonomous vehicle at a narrow passage can be drawn from these results. In order to get reliable classifiers, features with small distances to the obstacles have to be included in the training interval. Especially with RF, predictions at greater distances are possible allowing multiple predictions during the approach. In future work, a greater data set containing different narrow passages could be used to further generalize the classifiers. More features could also be included to make the prediction more robust. The approach should also be extended to include more situations that require intention prediction for autonomous driving, such as unregulated intersections. Finally, a decision making algorithm can be equipped with these classifiers for real time tests in a driving simulator and eventually in a real vehicle.
